This paper presents Semantic Neural Networks (SNNs), a knowledge-aware component based on deep learning. SNNs can be trained to encode explicit semantic knowledge from an arbitrary knowledge base, and can subsequently be combined with other deep learning architectures. At prediction time, SNNs provide a semantic encoding extracted from the input data, which can be exploited by other neural network components to build extended representation models that can face alternative problems. The SNN architecture is defined in terms of the concepts and relations present in a knowledge base. Based on this architecture, a training procedure is developed. Finally, an experimental setup is presented to illustrate the behaviour and performance of a SNN for a specific NLP problem, in this case, opinion mining for the classification of movie reviews.
Introduction
In recent years, the increase in the volume of available data has provided both new techniques and new challenges for discovering relevant knowledge. The huge amount of information produced daily makes it impossible for humans to manually build organized representations of all this information. On the other hand, the surplus of information enables the design of statistical learning techniques which scale better with large data. Deep learning approaches have successfully obtained state-of-the-art results for many learning problems, from image recognition to natural language parsing. Instead of handcrafted representations designed by experts, deep learning automati-cally builds representations from raw data that are suitable for a given machine learning problem.
When deep learning is used, we can often identify structures inside a neural network, which can be explained as high-level concepts that are automatically discovered during the learning process (Bengio, 2012) . For instance, in the image recognition domain, often internal neurons or groups of neurons can be identified to recognize common visual features such as textures or patterns or even specific objects (Le, 2013) . Hence, the neural network is able to build high-level concepts from low-level input (i.e., pixels). This ability to discover higher-level features is one of the main strengths of deep learning and representational learning in general (Bengio, 2012) . However, one of the main challenges of deep learning is interpreting the internal representations of a neural network in terms that can be understood by humans and mapped to clearly defined domain concepts (Montavon et al., 2017) .
To address this challenge, our proposal is to"persuade" a neural network to build representations that can be interpreted in terms of a formal conceptualization (such as a knowledge base). This intuitive approach, as opposed to hand-crafting features, would still allow the neural network to learn the best representation of the input, while enabling a better interpretation and explanation of the whole learning process.
Our approach involves designing specific neural network components -Semantic Neural Networks (SNNs)-that are trained to learn how to map raw input to specific domain concepts that are extracted from a convenient knowledge base. These components could then be included in larger deep learning architectures, providing a semantic representation of the input that the rest of the network could learn to use for solving a specific problem.
In this work, SNNs have been designed to represent the relevant concepts of a knowledge base as part of the artificial network architecture. Hence, during the whole process, the structures that map to specific concepts and relations are clearly identifiable inside the network. This process attaches a semantic meaning to the network architecture, which is useful for debugging and understanding the learning dynamics. Furthermore, the SNN is trained to learn the specific instances in the knowledge base and their relations. This way, the SNN not only encodes abstract concepts, but also true facts about instances of those concepts. Preliminary source code is available online for the research community. 1 When used as a component of a larger deep learning architecture, a SNN that is trained for a specific knowledge domain can be seen as a semantic representational component. Its input consists of a low-level representation of data, (for example, words or entities), and its output consists of an implicit representation of this data expressed in terms of the learned domain. This representation can be seen as a type of embedding that maps raw input to a semantic space defined by the concepts and relations of the learned knowledge base. The SNN is used as a representational layer in a larger neural network, for a natural language processing problem in which the semantic representation induced by the learned knowledge base is expected to be a good representation.
The paper is organized as follows. Section 2 presents a review of related works and relevant concepts in the domain of representational learning, with an emphasis on different semantic representations of natural language. In section 3 the architecture and training procedure for the SNN is formalized and explained. Section 4 presents a brief experimental setup designed to illustrate the behavior and performance of a SNN in a specific natural language problem. Finally, section 5 discusses the main contributions of this proposal, whereas section 6 presents the final conclusions of the research and highlights possible future lines of development.
common task for many machine learning problems. In this section we present different approaches to the design of semantic representations for natural text.
Network-Based Approaches for semantic representations usually consist of defining some similarity metric based on the relations of terms in some knowledge base, interpreted as a graph. It is based in the assumption that words which are connected by short paths in a knowledge base should have similar semantics. WordNet is commonly used as a knowledge base where different semantic relations among words can be exploited for defining similarity metrics. Using WordNet (Miller, 1995) , several semantic similarity metrics are defined by exploring the graph structure of the knowledge base, mostly depending on the graph structure of words, such as Hirst-St-Onge (Hirst and St-Onge, 1998) and Leacock-Chodorow (Leacock and Chodorow, 1998) . In this direction, other researchers include information content formulae to measure appearances of terms in a corpus, such as the Resnik metric (Resnik, 1999) .
Corpus-Based Similarity Metrics are defined by some measure of the co-occurrence of terms in a corpus of natural text. The intuitive idea is that words which co-occur within the same context must have similar semantics. One such metric is PMI-IR (point mutual information -information retrieval) (Turney, 2001), which considers the information content of each pair of words (w i , w j ), measured as the relative number of co-occurrences of w i and w j in a document, with respect to the individual count of occurrences of each word. Another corpus-based similarity metric based is ESA (explicit semantic analysis) (Gabrilovich and Markovitch, 2007) , which considers Wikipedia as a corpus for building a co-occurrence matrix of words. A similar approach is HAL (hyperspace analogue to language) (Lund and Burgess, 1996) , which also builds a co-occurrence matrix, but only considering words within a small window.
Dimensionality Reduction Techniques such as PCA (principal component analysis) (Martinsson et al., 2011) can be interpreted as a projection from the BOW (bag of words) or TF-IDF (term frequency -inverse document frequency) space to a semantic space. An interesting recent approach, that mixes ideas from the previous tech-niques, is the family of word embedding algorithms (Mikolov et al., 2013) . In word embeddings, similar to PCA, each word is mapped to a vector which encodes the semantics of the word. The embedding is chosen such that a word's vector contains an implicit representation of the probabilistic distribution of the word's context in a given corpus. To achieve this, a neural network is trained to predict, given a word w i 's embedding, the probability that some other word w j appears in a small window centered around w i . In this sense, word embeddings can be seen as a generalization of corpus-based metrics, whereby the best representation is learned from the data, rather than handcrafted. Even though word embeddings don't explicitly model specific semantic relations (such as hypernymy, or synonymy), it has been shown that several interesting semantic relations get encoded in specific directions in the embedding space, enabling the solution of analogue inference queries (Schnabel et al., 2015) .
Entity Embeddings are a specific type of embedding technique that encodes the context of entities in a knowledge base. Several metrics can be used to define the notion of "context similarity" when using a knowledge base for entity embedding. For example, embeddings can be designed such that a particular direction d r is associated with each particular relation of the knowledge base, such that e i + d r ≈ e j whenever e i and e j are related by r. These formulations allow a semantic meaning to be attached to a particular algebraic operation and properties, and enable a whole new field of study that finds the "meaning" of, say, other directions d which are orthogonal to or linearly dependent on a specific relation. Entity embeddings have been extended to encode also the hierarchical structure of knowledge bases (Hu et al., 2015) and mixed with word embeddings for tasks such as entity disambiguation (Yamada et al., 2016) .
Word and entity embeddings in general are promising approaches to deal with learning semantic representations of data. Moreover, recent research deals with finding ways to exploit the structure of these representations to explain why a specific answer is output by a neural network. Being able to explain neural networks is a first step towards designing accountable machine learning systems that humans can trust for solving the most crucial problems (e.g.medical diagnosis or legal advice). By carefully designing the learning criteria and structure of embeddings, it is conceivable that a semantic representation can be interpreted in terms of a formal conceptualization defined a priori.
Semantic Neural Networks
We define a Semantic Neural Network (SNN) as an artificial neural network architecture that encodes knowledge. Two main semantic elements are encoded from the Knowledge Base. First, the graph structure of the Knowledge Base (i.e. entity classes and their relations) is directly represented in the architecture of a SNN. Second from a Knowledge Base KB, the information about which instances belong to which entity classes and their specific relations are encoded into the weights of the SNN. By design, the architecture of the SNN is built to represent each specific entity class and relation in a clearly recognizable structure (a set of neurons with a pre-designed connection pattern). This allows a semantic meaning to be attached to an activation of the SNN in terms of the classes and relations defined in the Knowledge Base.
The purpose of the SNN is to provide a semantic representation of the input data that can be used as component inside a larger deep learning architecture, to solve a related learning problem L. If the knowledge represented in KB is useful for solving the problem L, then the representation provided by the SNN should be richer than plain bagof-words or general purpose embeddings. With the same computational power (same number of parameters), a deep learning architecture using a SNN is expected to achieve equal or better performance than using other representations not specifically designed to exploit the knowledge in KB. Furthermore, the SNN architecture provides a semantic explanation for the model's predictions.
A SNN is built based on a specific Knowledge Base KB which is of interest for solving a related learning problem L. Figure 1 shows a schematic representation of the process for constructing, training and using an SNN in an arbitrary learning problem L. First, given the problem L to solve, a relevant Knowledge Base KB is chosen. The entity classes and relations of KB are used to define the architecture of the SNN (Section 3.1). Then, training instances are Figure 1 : The process for constructing and using a SNN for a specific learning problem (L) and a suitable Knowledge Base (KB). The SNN is first defined and pre-trained based on KB, and then used in a larger neural network trained specifically for L.
extracted from KB and used to pre-train the SNN weights (Section 3.2.1). Afterwards, the SNN is included in a deep learning model (which can contain other components such as extra layers). Finally, this larger model is trained on instances from L using standard optimization techniques and loss functions suitable for the problem L (Section 3.2.2).
Different Semantic Neural Networks can be trained on different Knowledge Bases ahead of time and reused for many related problems. In this sense, SNNs are similar to pre-trained word embeddings, since a SNN trained for a commonly used Knowledge Base (i.e., DBPedia or Word-Net) could be useful in solving different problems. However, pre-trained SNNs can (and should) be fine-tuned on a specific problem L after deciding a convenient deep learning architecture for this problem.
Architecture of the Semantic Neural Network
The architecture of a Semantic Neural Network (SNN) is composed of several instances of two simple structures: entity blocks and relation blocks. For each class of the knowledge base, an entity block is created, and for each relation, a corresponding relation block. An entity block is a computational graph with a single input variable and a single output variable. The input dimension and shape is determined by the specific application, a sensible default consists of a single one-hot encoding layer when using a bag-of-words representation, but an alternative input could be a general-purpose word embedding representation. The output dimension is a fixed size dense vector of small dimension (e.g., 10). The input and output are connected by a linear matrix operator. Additionally, a one-dimensional indicator neuron is connected to the output layer through a dot product operator with a sigmoid activation function. The purpose of the indicator is to signal when the activation of the output is large in absolute value. This is interpreted as the importance of the corresponding concept in a particular input text.
A relation block is a similar computational graph, but with an input variable whose size is twice the entity output size. Thus, the relation input shape corresponds with the output shape of the two entity blocks that will be connected. The outputs from each incoming entity block are concatenated, forming a single vector, which is then connected through a linear matrix operator to the output variable. An identical indicator neuron is connected to the output variable.
The overall architecture of an SNN consists of several entity blocks, one for each class in the knowledge base, and several relation blocks, one for each relation defined. The entity blocks are all connected to a single input (e.g., a bag of words representation). Every relation block is connected to the respective outputs of the entity blocks that represent the classes for which the relation is defined. Figure 2 shows a schematic representation of an example SNN built from a knowledge base in the cinematic domain (specifically the Internet Movie Database, IMDB).
The input size of the SNN is the size of some vocabulary chosen before hand. This vocabulary should include the common terms in the knowledge domain(s) of interest. An additional input dimension can be added to account for unknown words (those not present in the vocabulary at the moment of training).
Training the Semantic Neural Network
The training procedure for a SNN is divided in two phases, each of which solves a different learning problem. In the first phase, which we call "structured pre-training", the parameters of the entity and relation blocks are adjusted. The learning objective for this phase consists of predicting to which instance of the knowledge base the sample of natural text refers. In the second phase, in order to deal with the original natural language process- ing problem, a standard training is performed. In this phase, the parameters of the rest of the network are adjusted. The internal parameters of the SNN can either be frozen, or optionally, adjusted together with the rest of the network in a postoptimization phase.
Structured Pre-Training
During the structured pre-training step, a knowledge base is used to extract random instances and adjust the SNN parameters. This knowledge base is the same as that chosen for designing the architecture, i.e., to choose the entities and relations which are represented in the SNN blocks. A random instance of this knowledge base is a tuple (e i , r, e j ) which asserts the relation r between entities e i and e j . In this instance, e i and e j are assumed to have a natural text label associated (e.g., a name, description, tag, etc.).
The SNN learns to represent natural text in a manner which resembles the entity extraction process. Note that no natural text is associated to the label of the relation. Hence, in order for the SNN to accurately predict that relation r(e 1 , e 2 ) is true for a specific pair of entities e 1 , e 2 , but false for another pair of entities, the "list" of pairs of entities that hold in each relation must be encoded in the W r weights of the corresponding relation block. Furthermore, in order to differentiate the relations, the SNN needs to learn to differentiate the entities implicitly because there is no requisite to define the specific learning objective, namely representing different entities and their corresponding encodings.
Unstructured Training
After the pre-training phase is completed, standard training proceeds. In this phase, given the characteristics of the learning problem, the training is performed. For example, if the problem consists of text classification (i.e., opinion mining, topic detection, etc.), then the training examples consist of pairs of single-hot encoded text and the corresponding class label. The exact parameters of the training depend on the problem characteristics, and are thus left unspecified in this proposal. During this training phase, the parameters of the SNN are frozen, i.e., they remain unchanged throughout the training procedure. The reason for this is that the parameters of the SNN have already been adjusted, and the rest of the parameters are randomly initialized. Therefore, allowing the training algorithm to change the SNN parameters would destroy the learned mappings.
After the standard training, a final phase of finetunning can be optionally performed. In this final phase, all the parameters, both those of the SNN and those of the rest of the network, are allowed to change. In this phase, only small parameter updates are expected to happen, since the network should have converged in the previous phase.
Experimental Analysis
To analyze the behavior of the SNN, we selected a classic NLP problem and a suitable knowledge base. The selected problem is opinion mining in movie reviews, using the dataset from Pang and Lee (2004) . The corpus contains 1000 positive and 1000 negative movie reviews written in English. For building the knowledge base, raw data from IMDB 2 was processed obtaining a graph representation with 2 classes (Person and Movie), 11 relations and a total 27,044,985 tuples. Table 1 summarizes the statistics of the knowledge base.
The SNN obtained from the IMDB knowledge base has the structure shown in figure 3. The input 909 size is 267,178 (number of unique words in a standard English dictionary), the output size of each entity block is 10, and of each relation block is 20. The total number of indicator outputs is 14 (total number of concepts present in the IMDB knowledge base). Hence, the total number of trainable parameters in the SNN is 5,350,873. The pre-training phase is executed for 10 epochs, each one with 100 batches, and each batch comprising 100 training examples. This cycle was repeated three times, first only with entities, then only with relations, and finally with both entities and relations. Hence, a total of 300,000 training examples were used in the pre-training phase. The final validation accuracy was 0.976 for the entities cycle, 1.00 for the relations cycle and 0.987 for the combined cycle. Since there are far fewer different relation types than actual entities, convergence is expected earlier when only training with relations.
Evaluating in the Opinion Mining Problem
The performance of the pre-trained SNN was evaluated by including it as an internal component in a larger neural network. This neural network was applied to the original problem of classifying movie reviews. The architecture of this extended neural network consists of a single-hot encoding input which is connected to the SNN. The output of the SNN is connected to three sequential dense Training was performed only on these new parameters for 10 epochs, using 100 batches each one with 100 samples per epoch. After this process, the SNN parameters were unfrozen, and a fine-tune training was performed with all 5,491,981 parameters.
This final training was performed for 50 epochs, until convergence was achieved. The validation accuracy obtained at this point was 0.702. Finally, an independent test set was used to measure test accuracy, obtaining 67.82% precision in the movie reviews problem.
For comparison purposes, a fully-connected feed forward neural network, with 4 dense ReLU layers and a total of 5,494,681 trainable parameters was also trained from scratch in the movie review corpus. This network achieved a test accuracy of 64.47% in the same test set used for testing the SNN. Hence, with roughly the same number of trainable parameters the SNN obtains a small, but statistically significant advantage (p ≈ 10 −39 ). Results are summarized in Table 2 .
Discussion
The experimental results obtained show that using a SNN provides some benefits over a stan- The most significant advantage of using a SNN is that it provides a semantic interpretation of the network's behavior. The one-dimensional indicators used for guiding the SNN training could potentially act as a signaller for the high-level concepts that are being activated in any given example. By looking at the activation patterns inside the SNN, it may be possible to obtain an explanation of the network's prediction for a given example, in terms of the concepts in the knowledge base learned. Figure 4 presents an illustrative example in the context of the NLP problem presented in Section 4.
Another advantage of SNNs is that once pretrained with a given knowledge base, they can be reused in many different architectures. In a sense, SNNs can be seen as feature extractors or representational components that are associated with a given knowledge domain. It is also conceivable to use multiple SNNs trained in different knowledge domains in the same neural network. This provides a strategy for knowledge integration, when different and possible incompatible knowledge domains are considered relevant for a particular problem. This opens the door to new strategies for transfer learning, from a more semantic perspective, where the transferred or reused knowledge can be tied to a particular domain.
In our experimental setup we used a small natural language dataset, since our purpose was not to obtain state-of-the-art results in the opinion min- ing problem, but rather to illustrate the design of the SNN and explain its main architectural characteristics. We demonstrated that the SNN model provides effective support to learning approaches for resolving NLP problems.
Conclusions and Future Work
In this paper, we present Semantic Neural Networks (SNNs), which allow the inclusion of explicit semantic knowledge in traditional neural networks without affecting performance. This knowledge is extracted from available knowledge bases, built by domain experts. We considered that the SNN is a first step towards raising the abstraction level in neural networks and building semantically-aware architectures that can be self-explained. A possible line of future research consists of combining multiple SNNs for multiple knowledge domains in a single problem, and studying how the different representations output by each network can be merged. Further, in the current design, the core of the SNN is a simple linear operation. In future works, we will explore other, more complex operations, which will potentially improve accuracy. It is also necessary to compare the performance of SNN-powered architectures with other state-of-the-art deep learning architectures, such as LSTMs, CNNs and different embedding strategies. Finally, the SNN internal structure has a semantic meaning attached to each neuron block. This opens the door for the design of interpretation models that can automatically output an explanation of a neural networks response in terms of human-defined concepts.
